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Abstract
HiRE-RNA is a simplified, coarse-grained RNA
model for the prediction of equilibrium configu-
rations, dynamics and thermodynamics. Using a
reduced set of particles and detailed interactions
accounting for base-pairing and stacking we show
that non-canonical and multiple base interactions
are necessary to capture the full physical behavior
of complex RNAs. In this paper we give a full ac-
count of the model and we present results on the
folding, stability and free energy surfaces of 16
systems with 12 to 76 nucleotides of increasingly
complex architectures, ranging from monomers to
dimers, using a total of 850µs simulation time.
RNA molecules are essential cellular machines
performing a wide variety of functions for which
a specific three-dimensional structure is required.
Aside for their well known roles of genetic in-
formation carrier (mRNA) and amino acid re-
cruiter (tRNA), they play a wide range of func-
tions, from regulating gene expression through
post-transcriptional process (miRNA) and gene si-
lencing (RNAi), to catalytic activities (ribozymes).
Their sizes vary from a few dozen nucleotides for
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miRNA and RNAi, up to a hundred nucleotides
for ribozymes, and to a few thousands for riboso-
mal RNA constituting the ribosome together with
proteins. In all their diversity these molecule share
the common feature of adopting a specific three-
dimensional structure to be functional, in the same
way proteins must adopt a well defined 3D shape
to be able to perform their biological activity, pos-
ing the question of RNA folding, that is under-
standing how an RNA linear molecule adopts its
characteristic 3D structure. RNA functionality de-
pends crucially on their equilibrium structures and
their dynamical behavior,1,2 with distinct active
conformations biologically active under different
conditions.3
With most of the DNA identified as "non-
coding", therefore possibly coding for RNA
molecules, being able to determine RNA struc-
tures from sequences is essential for our under-
standing of the cellular machinery. However,
obtaining high-resolution 3D structures through
X-ray crystallography and NMR is a challenging
task as it is proven by the small number of re-
solved structures in the Nucleic Acids Data Bank
(NDB) and by the scarcity of structures with sub-
stantially different architectures. Low-resolution
techniques, such as SAXS and Cryo-EM, allow for
easier access to the raw data, but require extensive
modelling to propose a well-resolved structure.
Computational methods have recently been de-
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veloped to complement experimental information
in the task of predicting 3D structures, follow-
ing different strategies. Bioinformatic algorithms
based on sequence homology, fragment assem-
bly and secondary structure predictions4–9 are suc-
cessful for systems similar to those already present
in structural databases. They provide a static view
of the structure and, sometimes, partial thermody-
namical information based on secondary structure
predictions, but they are not suited for the study
of the dynamical and of the global thermodynami-
cal properties of RNA in three dimensions. These
methods base much of their results on the predic-
tion of a secondary structure first, through more or
less refined 2D prediction algorithms.10–12 How-
ever, RNA structures are often intricate, giving
rise to complex pseudoknots, triple or quadruple
base pairings, non-canonical (non Watson-Crick)
pairings involving the base’s sugar and Hoogsteen
edges,13 which are not accounted for in secondary
structure prediction methods, developed to address
nested structures (tree-like structures) or simple
pseudoknots.
Physical models, considering the interactions of
the system’s particles in three-dimensions, are bet-
ter suited to study RNA structure in all of their
complexity. As opposed to secondary structure
prediction methods, physical models do not have
a specific term for pseudoknot formation. A pseu-
doknot results from the minimization of the free
energy and is not encoded as a separate term in the
potential energy: pseudoknots arise from a differ-
ent organization of base pairings, but the interac-
tions are the same that go into generating a hairpin
or any nested structure.
All-atom simulations have successfully folded
RNA of 12 nucleotides (nt),14–16 but are limited
to small systems even when adopting an implicit
solvent representation.17 Unfolding atomistic sim-
ulations have been performed on structures up to
about 40 nt.18 To overcome the limitations im-
posed by the size of the molecule, and to be able
to follow the large scale rearrangements occur-
ring in folding, one can resort to a simplification
of the system through coarse-graining. The chal-
lenge of this approach is to design a force-field
able to capture all the subtle interactions giving
rise to folding, while maintaining a sufficiently
simple description of the system for efficient simu-
lation. Interesting insights on folding mechanisms
of structures such as the 49 nt telomerase pseu-
doknot19 were obtained using Go-like potentials,
allowing the formation of native interactions only.
These simulations were performed with a strong
bias toward the already known experimental struc-
ture, and even though they provide important in-
formation on the overall folding process, they are
not suited for the prediction of the structure as-
sociated to a given sequence, nor for the study
of the realm of possible states that the molecule
might explore in its life. Several ab initio coarse-
grained models, with average interactions between
bases and chain connectivity are able to drive the
formation of small helical stems and helix, but
have limited success for more intricate 3D struc-
tures.20–25 Any model aimed at predicting large-
scale 3D rearrangements needs to give an accurate
description of base-pairing and stacking, including
the formation of non-canonical pairs and simulta-
neous pairings of three or four bases.26 However
designing a force field properly accounting for
these interactions is a challenging task as shown by
the difficulties of otherwise very successful mod-
els. For atomistic simulations Garcia had to re-
parameterize the AMBER force field to model cor-
rectly three tetraloops of 12 nucleotides.14 The
3D ab initio FARFAR procedure, close in spirit
to the ROSETTA approach used for proteins, and
based on sampling using a coarse-grained model
followed by full-atom refinement, cannot repro-
duce any of the hydrogen bonds or stacking pat-
terns within the UUGC tetraloop27 and is of lim-
ited accuracy for RNAs of 12 to 20 nucleotides in
spite of including non-canonical pairings.
HiRE-RNA28,29 is an effective theory devel-
oped to fold any RNA architecture and study
the structural dynamics and thermodynamics of
RNA molecules. Through the representation of
6 or 7 beads per nucleotide (figure 1), HiRE-
RNA v3 force field, with specifically designed en-
ergy terms for stacking and base-pairing, includ-
ing non-canonical and multiple pairs, points to
the essential physics involved in folding. Simi-
lar to other coarse-grained models, two previous
versions of HiRE-RNA, with a less sophisticated
force field in the treatment of the bases, were use-
ful to describe small helical stems and duplexes,
but failed to capture the physics of more com-
2
plex molecules. The latest version of the model,
HiRE-RNA v3, allows folding of complex systems
such as multiple helices and pseudoknots, and pro-
vides realistic energy landscapes. In contrast to
other structure prediction methods such as iFol-
dRNA,20 RNA2D3D30 and MC-Fold/MC-Sym,5
which are limited to the study of one single RNA
chain, HiRE-RNA can be used to study duplexes,
quadruplexes and any multiplexes.
We present here the completely redesigned force
field of HiRE-RNA v3 and results on 16 systems
spanning from 12 to 76 nucleotides in length, for a
total simulation time of 856 microseconds, includ-
ing several pseudoknots and systems with com-
plex topologies. For these molecules our model
allows to extract thermodynamic information and
folding pathways in agreement with experimental
data. Our work highlights the importance of an
accurate description of base-pairing in the physi-
cal theory, including the plurality of possible base-
pairs, in order to address all the fine structural de-
tails playing a key role in the folding process.
1 Model
HiRE-RNA v3 interaction potential is given by the
sum of covalent bond interactions Elc, excluded
volume Eev, electrostatics Eel , stacking Est , and
base-pairing Ebp (Figure 1). Local interactions are
described by harmonic terms for bond lengths and
angles and sinusoidal terms for dihedrals:
Elc = εb ∑
bond
(r− req)2+ εa ∑
angle
(α−αeq)2+(1)
+εd ∑
didhedral
[1+ cos(τ− γ)],
where r, α and τ are the instantaneous bond
length, angle and torsion respectively, req, αeq, γ
are the equilibrium values, and εb, εa andεd are
the relative strength of the interactions. Excluded
volume is described by a simple decreasing expo-
nential:
Eev = εeve−κ(r−rv). (2)
where r is the instantaneous distance between two
particles, rv is a characteristic distance, and κ and
εev are the geometric and energetic parameters of
the interaction.
Figure 1: Coarse-grained model and schematic
representation of base-pairing interactions, com-
posed of the product of hydrogen bonding and pla-
narity, and stacking, depending on the orientation
of vectors normal to the base plane.
In the absence of explicit ions, electrostatic re-
pulsion of the phosphates and charge screening is
represented by a Debye-Huckel potential between
P particles:
Eel = εel
q2
4piε0εrr
e−r/κ , (3)
where q is the elementary charge, ε0 and εr are the
dielectric constants, κ is the Debye length and εel
is the adjustable strength of the interaction.
RNA folding is driven by stacking and hydro-
gen bonding interactions.31,32 These depend cru-
cially on the relative position and orientation of
the bases. We introduce the concept of base plane,
identified through a vector ~ni normal to the plane
defined by the particles B2-B1-CY, for bases A
and G, and B1-CY-CA for bases C and U. Stack-
ing occurs when two particles are close to an equi-
librium distance rst , when the normal vectors are
parallel, and when the bases are vertically aligned:
Est = εst e−
(r−rst )2
σ
(
~ni · ~n j
)2(
1−|~ni×~r |4
)(
1−|~n j×~r |4
)
, (4)
where σ and εst are adjustable geometric and en-
ergetic parameters. The last two terms allow the
bases to form a strong interaction even when they
are slightly off-centered to account for the variabil-
3
Figure 2: The set of 22 possible base-pairs in HiRE-RNA v3. In red are the canonical WC pairs considered
by all CG models, in green are the pairs occurring on the WC sides of the bases, also included in version
v1 and v2.
ity in stacking positions.
Base-pairing occurs when two bases are side by
side on the same plane, and depends on the rel-
ative distance and angles of the particles forming
the hydrogen bonds. We define the base-pairing
potential, Ebp, as the product of Ebp−pl , assuring
planarity, and of Ebp−hb assuring the correct ge-
ometry of the interacting particles. Planarity is im-
posed by requiring that all particles of one base lie
on the plane defined by the other base:
Ebp−pl = εpl
(
3
∑
k j=1
e−(d
k j
Bi
/δ )2
)(
3
∑
ki=1
e
−(dkiB j/δ )
2
)
,
(5)
where dk jBi is the distance of a particle k of base j
with respect to the plane of base i and δ and εpl
are adjustable parameters subject to optimization.
Ebp−hb = εhb e−(r−ρ)
2/ξ ν(α1)ν(α2). (6)
ν(α)=
{
cos6(α−α0), for −90◦ ≤ α−α0 ≤ 90◦;
0, otherwise,
(7)
where ρ is the equilibrium distance for the pair,
and α1 and α2 are the angles formed by the axis
of the base and that of the binding particle. The
torsional angle τ is used to discriminate between
interaction minima at +α and −α . To break the
symmetry of the cosine function, which would
give rise to interaction minima at both +α and
−α , we compute the dihedral angle τ between the
particles defining the base plane of nucleotide i
and the interacting bead of base j. If the cosine
of the dihedral is negative, α is set to −α:
α =
{
+α, if cos(τ)> 0
−α, otherwise. (8)
In RNA complex architectures, it is typical to
find non-canonical base pairs involving one or
more of the three possible sides of the base:
Watson-Crick, Hoogsteen, and Sugar. Bases can
than form simultaneous multiple interactions giv-
ing rise to triplets and quadruplets. To represent
the wide variety of hydrogen bond patterns HiRE-
RNA v3 includes 22 different base-pairs occurring
on all sides of the base (figure 2), each associated
to a specific set of distance, angles, torsions and
4
number of hydrogen bonds formed.33 The choice
of 22 interactions is rather arbitrary and can be
extended to any number of interactions as long
as they are sufficiently distinct in interaction cen-
ters. The pairs included in HiRE-RNA v3 have
been chosen based on their abundance in the NDB,
making sure to have at least two or three represen-
tative for each letter pair. For some letter pairs we
can account for two distinct interaction sites occur-
ring between the same sides at different geometric
centers (see cWW A·C pairs). For any given let-
ter pair we consider all possible base-pairs from
our list by adding over all possible Ehb terms. Be-
cause of the narrow distance dependence of Ehb
and of the excluded volumes of the beads, effec-
tively, there can only be three interaction centers
simultaneously present around a base, one on each
side.
Figure 3: Dual graph representation of struc-
tures with different topologies: simple pesudoknot
(left), helices and hairpin (center), 4-way junction
(right). The 3D structure of an example of each
topology is given under the dual graph (PDB ID:
2A43, 1A9L, 1L9V).
The model has geometric parameters whose
values have been determined from distributions
extracted from 200 NDB structures including
molecules of varying sizes and topologies, and
overall energetic parameters, representing the rel-
ative weights of the different interaction terms,
which are subject to an optimization procedure.
We used the concepts of RNA graphs to build
a structure database rich in different topologies
since this descriptor captures well the differ-
ent overall organization of the molecule’s struc-
ture.34,35 Through “dual graphs” (figure 3), the
RAG database36 enumerates graphs correspond-
ing to possible RNA topologies, including pseu-
doknots of arbitrary complexity, giving a link to
the corresponding PDB structure, when this exists.
From this database, we have chosen one an equal
number of representative structures for each popu-
lated topology, to form a training set of 20 RNAs
used to optimize parameters through a genetic al-
gorithm.37 For each native structure we first gen-
erate an ensemble of decoys varying in RMSD
and number of native contact to cover the four
possible scenarios of low-RMSD/high native BP,
low-RMSD/low native BP, high-RMSD/high na-
tive BP and high-RMSD/low native BP. The algo-
rithm then selects parameters maximizing the en-
ergy difference between native configurations and
decoys. Parameters obtained with this procedure
were then tested through long MD simulations on
systems of various sizes and showed a significant
improvement over the previous parameters cali-
brated by hand both on folding predictions and on
stability tests. The new parameters were validated
on several molecules not included in the training
set, in their ability to fold small hairpins and to
give the correct melting temperatures for duplexes.
2 Results
Table 1 reports the folding and stability results on
16 topologically different RNA molecules of 12
to 76 nts. For each system we performed either
Molecular Dynamic (MD) simulations at 300 K,
Replica Exchange Molecular Dynamics (REMD),
64 replicas with temperatures from 200 K to 400
K and 500-1200 ns per replica, or Simulated Tem-
pering (ST) with temperatures from 300 K to 500
K, all with an integration time-step of 4 fs and
a Langevin thermostat.38 For analysis, we moni-
tored native base pairs and root mean square devi-
ation (RMSD) from the native structure using all
particles.
With HiRE-RNA v3 we have been able to fold
13 structures from fully extended configurations
within a few RMSD from the experimental struc-
ture and reproducing most of the native base-
pairing network. To test the extent of the validity
of our force field, we also performed long MD sta-
bility simulations on three systems for which com-
plete folding from fully extended states is at the
5
Table 1: Summary of the systems studied. For each system we give PDB entry, topology (Hp: hairpin,
Pk: pseudoknot, Bl: bulge, C: complex, Hx: helix, Dp: duplex, G-quad: G-quadruplex), number of nu-
cleotides, simulation method, RMSD of the center of the most populated cluster at 300 K using REMD/ST
or of the structure after several hundreds nanoseconds, total number of base pairs and number of native
pairs found in the predicted and experimental structures, total simulation time. The top simulations started
from a fully extended structure, while the last three simulations give the results of MD stability starting
from the NMR structures. Structures with a * are experimentally determined in conditions that we can-
not fully include in our simulations: 1Y26 contains the adenine ligand; 3LOU, 1L2X and 1KF1 contain
structural ions, 6TNA contains modified bases.
PDB Topo Nb Method RMSD BP Time
nt Å tot (obs/nat) µs
1F9L Hp 22 ST 3.2 10 (9/9) 3
1L2X* Pk 27 REMD 5.8 11 (7/8) 134
1N8X Hp/Bl 36 REMD 3.8 15 (11/15) 26
1RNG Hp 12 ST 2.7 5 (5/5) 3
1ZIH Hp 12 ST 1.9 5 (5/5) 3
1F7Y Hp 12 ST 2.0 5 (5/5) 3
1Y26* C 71 REMD 8.1 32 (15/29) 96
2G1W Pk 22 REMD 4.3 9 (7/7) 153
2G1W Pk 22 ST 4.4 8 (7/7) 3
2K96 Pk-3Hx 47 REMD 4.3 23 (17/22) 120
480D Hp 27 REMD 5.5 12 (9/9) 180
405D Dp 2x16 REMD 3.6 16 (12/16) 64
433D Dp 2x14 REMD 4.0 14 (14/14) 64
3L0U* tRNA 73 MD ∼ 8 32 (23/30) 0.5
6TNA* tRNA 76 MD ∼ 8 31 (23/29) 0.5
1KF1* G-quad 22 MD ∼ 4 14 (12/12) 3
moment out of reach because of the presence of
structural ions or of modified bases which we can’t
account for in our model at this stage. We have an-
alyzed G-quadruplexes, found on telomeres and of
importance for cancer regulations, bound to sev-
eral intercalating ions, and two tRNAs with both
modified bases and structural ions. Despite the
absence of specific interactions for structural ions
and modified bases, the three systems do not de-
part significantly from their NMR structures over
several hundred nanoseconds, the quadruplex re-
maining at 4.0Å for over 3µs, and the two tRNA
of 73 and 76 nts remaining at 8.0Å, with the native
architecture preserved and most native base pairs
formed (figure 4).
To compare the accuracy of HiRE-RNA v3
to atomistic approaches, we first examined three
tetraloops studied by the Garcia’s group in 2013
using extensive all atom REMD simulations in ex-
plicit solvent.14 To achieve high-accuracy folded
Figure 4: Superposition of the native structure
(yellow) and a structure from the MD stability sim-
ulation (blue) after several hundred nanoseconds
of simulation time.
structure, Garcia et al. had to re-parametrize AM-
BER forcefield. By using REMD and ST simula-
tions, we fold the tetraloops with the same RMSD
accuracy (1RNG: Garcia 3.1 Å vs. 2.7Å here,
1ZIH: 1.3Å Garcia vs. 1.9Å here, 1F7Y: Gar-
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cia 0.8 vs. 2.0 A here), but with a much smaller
computational cost (only 60 CPU hours per run,
for 3 microseconds of simulated time). Impor-
tantly for statistics, each ST simulation displays
many folding/unfolding events. The importance
of understanding tetraloop formation is reported in
a recent article by Wales’ group17 where the dis-
crete path sampling method was used to determine
the folding mechanisms and kinetics of three RNA
tetraloops.
2.1 Small pseudoknots
Predicting small pseudoknots is particularly chal-
lenging because these molecules fold back on
themselves forming tight bends, stabilized ex-
tensively by stacking interactions beside base-
pairings. While our v1 and v2 models lacked
a detailed stacking term and could not predict
such structures, HiRE-RNA v3 can fold the 22 nt
2G1W39 and 28 nt 1L2X40 pseudoknots with the
experimental fold as the most stable structure at
300 K.
To study the impact of non-canonical base pair-
ing on the system’s behavior, for 2G1W we also
performed simulations considering only base pairs
on the WC side of the base (red and green base-
pairs in figure 2). While the molecule is still
able to reach the native state, the absence of non-
canonical pairs involving Hoogsteen and Sugar
edges alters the energy landscape (figure 5 B).
With the full set of base pairs more states are
populated as partial intermediates creating a con-
tinuous path from misfolded to folded state. Phys-
ically, this is an important difference as it allows
the molecule to more easily interconvert between
different states compared to when only WC base
pairs are considered. This aspect is crucial for
RNAs that are known to adopt alternative archi-
tectures at various stages of their biological ac-
tivity. The importance of including non-canonical
pairs manifests also in thermodynamics. From our
REMD simulations, the estimated melting tem-
perature of the model with all possible pairs is
lower than that of the model including only WC
base pairs (Figure 5 C). This is indeed expected as
the presence of non-canonical pairs opens to the
possibility of new folding pathways, absent when
only canonical base-pairs are considered, and ren-
ders the ground state more entropically accessible,
lowering the melting temperature. By shifting the
temperature of one of the two curves to superpose
the melting peaks we can observe that the low and
high temperature behavior of the two systems is
the same, but that the lowest peak for the WC-only
system is narrower and taller than the correspond-
ing peak for the full base-pairing set, indicating a
stiffer transition when non-canonical parings are
turned off. The computed average energies at all
temperatures are the same within error bars, while
the fluctuation behavior of the two system is differ-
ent, with the system including non-canonical pairs
subject to larger fluctuations than the system with
WC only interactions.
Despite the fact that our model is not explic-
itly optimized on thermodynamic data, the melting
temperatures of the pseudoknot of 2G1W (lower
temperature peak) estimated at 320K and 310K us-
ing WC-only and all pairs respectively, are in good
semi-quantitative agreement with the experimental
value of 329K at 50 mM NaCl.39 Given our model
does not explicitly include ions nor water, we don’t
expect at this stage to have a precise quantita-
tive correspondence between computed and exper-
imental melting temperatures, but to be able to pre-
dict general features.
The presence of two peaks in the specific heat
curve is in good agreement with the experimen-
tal observations on the MMTV pseudoknot,42 a
32-nt RNA with the same topology as 2G1W, and
seems to be a common feature of pseudoknot fold-
ing, where melting of two separate stems is in-
volved. The specific heat curve of 1L2X also dis-
plays two peaks (figure 6). 1L2X is a pseudo-knot
composed of a longer stem (8 base pairs) and a
shorter stem (3 base pairs). The lower-temperature
peak at 330K (Tm1) corresponds to melting of the
shorter stem and the higher-temperature peak at
370K (Tm2) corresponds to complete unfolding.
As expected, Tm1 is higher than the corresponding
melting temperature of 2G1W (320 K) given the
higher number of base pairs breaking in the melt-
ing transition in 1L2X over 2G1W. The calculated
difference between Tm1 and Tm2 of 40 K is con-
sistent with experimental observations for similar
pseudoknots for which differences Tm2−Tm1 mea-
sured by UV absorbance was reported to be of 20
K, 24 K and 35 K (MMTV pseudoknot, wild-type
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Figure 5: A: Predicted 3D structure of 2G1W and 2D representation of the pseudoknot. B: PMF (RMSD
vs. bp) at 300K of 2G1W considering only WC base-pairs (left) and the full set of possible base pairs
(right). The pseudoknot structure (blue insert) is the the most populated state in both cases, but when
considering the full set of base-pairs a plurality of partially folded/misfolded states is also present. C:
Specific heat curves for 2G1W with WC-only base pairs (red) and with the full set of non-canonical
pairs (black). The lowest peak corresponds to the transition to the native state, while the highest peak
corresponds the transition from a variety of partially folded states to the free chain. Both systems exhibit
similar behavior, but melting temperatures are lower when non-canonical pairs are considered. Cv curves
are computed using the MBAR algorithm;41 shaded area represent error bars.
Figure 6: Specific heat curve of 1L2X exhibit-
ing two peaks corresponding to melting of the
two stems composing the pseudoknot. The shorter
stem melts at lower temperature than the longer
stem.
T4 pseudoknot and the C8U BWYV pseudoknot
respectively42,43).
2.2 Triple helix pseudoknot
We then studied larger and more complex sys-
tems. Starting from fully extended conformations,
REMD simulations were able to fold the triple
helix of the pseudoknot of the human telomerase
Figure 7: Formation of native contacts for the
triple helix folding. Contacts of the WC helix (red)
form first while contacts stabilizing the triple helix
(green) form on a much longer time scale. The full
set of native contacts, including those of the triple
helix, is shown in black.
(PDB id: 2K96) of 47 nt,44 for which the na-
tive structure is characterized by a 6 base-pairs
WC helix and an A-rich dangling strand insert-
ing into the WC helix groove and forming several
stacked triplets. Overall, 22 base pairs, canoni-
cal and non-canonical, stabilize the native struc-
ture. In the simulation we can distinguish a short
phase to form the WC helix, and a longer phase in
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which the other contacts form, generating the full
triple helix (figure 7). After 1.2µs REMD time,
a structure was reached with an RMSD of 4.3Å,
stabilized by 17 native base pairs (Figure 8: N).
To our knowledge this is the first time anyone has
folded an RNA of such complexity solely from the
sequence, an achievement possible only if the rel-
evant physics is correctly taken into account by the
model.
Although individual ST and REMD individual
trajectories rapidly swap temperatures and the ob-
served pathways may not be identical to the path-
ways observed at constant temperature, significant
insights can be obtained from the many unfold-
ing/folding events we can observe in enhanced
sampling simulations. We have therefore fur-
ther analyzed the folding path of the triple he-
lix 2K96 (figure 8). In the NDB structure of
2K96, the paired regions are the following: 1-
6 paired with 24-29 (H1), 15-23 paired with 37-
47 (H2) and 6-10 paired with 36-40 (H3). No-
tice that there is an overlap of two paired regions
with bases 37, 38, 39 and 40 forming triple con-
tacts. In REMD simulations we observe three
separate folding steps corresponding to the suc-
cessive formation of each one of the stems (H1-
red first, H2-green second, H3-light blue third),
with different time scales involved. The system
can remain trapped in misfolded states with struc-
tures exhibiting base-pairings different from native
(T1 and T2). Our folding path (H1 → H1+H2
→ N) is in agreement with experimental studies
on 2K96.45 Based on UV melting curves, it was
proposed that the three melting transitions of in-
creasing temperature correlate with the loss of ter-
tiary structure, followed by melting of the AU rich
stem 2, and eventually loss of the structure in G-
C rich stem 1. Our results are also in agreement
with results obtained by Langevin simulations and
a coarse-grained model with Go-like properties
(TIS), where the formation of the stems and the
assembly mechanisms of RNA pseudoknots are
determined by the stabilities of constituent sec-
ondary structures: if the secondary structural el-
ements have comparable stability, then there are
multiple routes to the native state, otherwise there
is one dominant path.46 In the case of 2K96, H1
consists of G·C WC interactions, more stabilizing
than the A·U interactions of H2. Our predictions
on the folding pathway extend those of the Go-like
model study which did not take into account the
formation of non-canonical and triple pairings.
Given the challenges of folding a triple helix, for
2K96 we performed an extensive comparison of
our results with seven secondary structure predic-
tion methods available on-line all allowing forma-
tion of pseudoknots. We tested the widely used
MCFold,5 Kinefold,47 RNAstructure,48 Vfold2D
with the TurnerâA˘Z´s parameters or MFOLD2.3,49
considered to be the best performing algorithms
thus far, pknot,12 pKiss50 and CyloFold.51 As it
can be seen on figure 9 none of these methods pre-
dicts the triple helix. MCFold predicts two dis-
joint hairpins and all other methods, considering
the optimal solution or suboptimal solutions, pre-
dict the simple pseudoknot (pseudoknot H), when
explicitly instructed to look for a pseudoknot. In
principle, Vfold2D can predict structures includ-
ing base triplets, but it does not give the correct
result for 2K96 despite the fact that it was shown
to be able to produce the correct 2D structure, in-
cluding triple contacts, for a similar system.52
2.3 Large systems
Despite the already substantial reduction in de-
grees of freedom of our theory, folding large struc-
tures remains challenging because of the long
times needed for accurate sampling. Folding times
can be reduced by adding partial experimental in-
formation such as a few base-pairs from NMR or
SHAPE.53 This is the strategy we adopted for the
riboswitch 1Y26 of 76 nt starting from a fully ex-
tended state.54 In its NMR state with an adenine
ligand, 1Y26 adopts a Y shape with the two up-
per stems binding through kissing loops. Imposing
three base pairs restraints (one WC pair on each
helix) taken from VFold2D predictions, both sim-
ple MD (at 300K) and REMD recover the overall
organization of the kissing loops, with an RMSD
of 7-8Å(Figure 10). The major discrepancy be-
tween our predicted and the NMR structures is at
the junction where the adenine ligand, absent in
our simulations, should sit. Our results for 1Y26
are comparable in quality to a prior prediction ob-
tained with the automated 3DRNA program, based
on secondary structure reconstruction.55 In this
program, the smallest secondary elements (SSEs)
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Figure 8: Folding pathway of the triple helix 2K96 extracted from REMD simulations. Green arrows
indicate the reversible transitions between intermediates folds leading to the native structure (N), red
arrows indicate transitions leading to misfolded states (T1 and T2). Next to each structure we give the
schematic representation of base pairing with arc diagrams color coded according to the formation of H1
(red), H2 (green) and H3 (blue). Structures in gray correspond to non-native secondary elements.
Figure 9: Results of secondary structure prediction algorithms for the triple helix pseudoknot. Under
each topology, represented as arc graphs and sketched as secondary structure elements, we list the names
of the algorithm that propose that result as optimal or suboptimal prediction.
are assembled into hairpins, hairpin loop, inter-
nal loop, bulge loop, pseudoknot loop and junc-
tion and then a network representation of the sec-
ondary structure is used to describe the locations
and connectivity of the SSEs. Using the whole
secondary structure extracted from the experimen-
tal structure, i.e. much more experimental infor-
mation than the 3 base-pairing constraints we im-
pose with HiRE-RNA, the 3DRNA recovers the
structure of 1Y26 with a RMSD of 6.7 Å.
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Figure 10: 1Y26 constrained prediction at
7.1Å (P) and native structure in yellow (N). The
three local constraints are shown is red in 2D.
3 Discussion
We have presented here an effective theory for
RNA folding, based on a detailed and new de-
scription of the two main driving forces, stacking
and base-pairing interactions, able to fold struc-
turally diverse RNAs to their native states when
coupled to REMD or ST. As the need to prop-
erly consider base pairing and stacking is clear
to anyone working on RNA, how to actually de-
fine functions to describe these interactions in a
simplified representation, allowing to study large-
scale rearrangements, is less than straightforward.
The force field we define is nothing close to any
other existing coarse-grained model. HiRE-RNA
v3 force field shares with the previous v2 version
the particle description and the functional forms of
local interactions, but it is completely redesigned
for all other terms including new analytic energy
functions for base pairing and base stacking that
allow accurate prediction of equilibrium configu-
rations and thermodynamics of 13 systems with
12 to 76 nucleotides starting from fully extended
states. The model makes use of a large number of
parameters which have now been optimized fol-
lowing a rigorous procedure, a particularly com-
plex task when the possible interactions consid-
ered go beyond simple Watson-Crick pairing and
address a multitude of possible states including
non-canonical and multiple base-pairs.56
In spite of its simplicity, similar to Garcia’s
atomistic simulations, our model predicts the high
resolution structure of tetraloops, which are not
recovered by FARFAR/FARNA by fragment re-
constructions including non-canonical pairs. On
larger structures, the prediction capabilities of
HiRE-RNA are comparable to those of the most
advanced methods currently used for RNA struc-
ture prediction. However, while we obtain most of
our results with no or minimal external informa-
tion other than the sequence, these methods typ-
ically require a substantial input of experimental
evidence. As it was shown in the 2012 RNA-
puzzle competition,57 the best performing predic-
tion algorithms so far are those based on fragment
reconstruction, giving access to 3D structures, but
not giving information on other aspects such as the
folding pathways and energy landscapes. In the
competition, a riboswitch of 86 nt was predicted
by eight research groups with RMSDs ranging
from 7.2 to 23.0 Å . The model of lowest RMSD
(7.2Å) used a multi-scale approach based on 2D
structure prediction methods and self-assembly
of fragments selected from the NDB.7 Coarse-
grained ab initio methods performed much poorly
with the best RMSD at 11.5Å, even when relying
heavily on experimental constraints.20 More re-
cently, Xia with his coarse-grained model obtained
a structure at 7.6Å, using secondary structure pre-
diction tools and 14 constraints.58 As shown by
the folding of the triple helix, in the analysis of
folding pathways, our model goes beyond what
was done through Go-like models,19,59 given we
do not introduce any bias toward the native struc-
ture and we account for multiple pairings.
A key feature of our model, distinguishing it
from most other methods, is the possibility of
forming non-canonical and multiple base-pairs.
Our results show the importance of considering
non-canonical base pairs. Indeed they are essential
to fold complex molecules and should not be ne-
glected even for RNAs whose experimental struc-
tures contain only canonical pairs as they have a
significant impact on the free energy profile of the
system, on its thermodynamics, and possibly on
folding pathways. The presence of non-canonical
pairs gives rise to an increase of transition states
that can favor interconversion between different
configurations, a behavior that is observed for
many biologically active RNAs60 and that has
11
been hypothesized for the switch within pseudo-
knot domain of human telomerase RNA between
the pseudoknot and hairpin conformations.45 We
are currently investigating these aspects in more
detail through disconnectivity graphs61 on several
pseudoknots.
As the current status of HiRE-RNA v3 already
represents a significant advancement in the study
of RNA molecules both in terms of prediction ca-
pabilities and in the possibility of addressing ques-
tions concerning dynamical and thermodynamical
behaviour, we are extending our work to include
other interaction terms such as the presence of ions
and ligands, in order to be closer to experimen-
tal conditions. Combined with the coarse-grained
OPEP force field,38 HiRE-RNA should help un-
derstand the interplay between proteins and nu-
cleic acids.
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